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ABSTRACT
Many urban areas are using estimations of impervious surfaces as a means for better
environmental management. This is because research over the last two decades indicate a
consistent, inverse relationship between the percentage of impervious surfaces in a watershed
and the environmental problems urban areas are experiencing. Although various methods for
estimating impervious surfaces can be identified, few result in accurate and defensible
estimations by which environmental problems can be assessed.
This is especially important to rapidly expanding urban areas such as Baton Rouge,
Louisiana where detailed records and planimetric data are lacking. Numerous studies have
shown a potential for estimating impervious surfaces using remotely sensed satellite imagery
however, none were performed in a sub-tropical geographical area such as southern Louisiana.
Three different dates of Landsat TM multi-spectral imagery, corresponding to seasonal
differences, were acquired for land cover type classification purposes. Seasonal dates of imagery
were used to determine tree canopy effects and the optimum season for estimating impervious
surfaces from satellite imagery. Unique to this study, the derived classified estimates were
compared to an impervious surfaces reference estimate developed from high resolution, true
color aerial photography. The impervious surfaces reference estimate was developed by
digitizing over 15,000 polygons of impervious features throughout the watershed such as roads,
buildings, and parking lots. Statistical evaluation of the seasonal classified images included the
error matrix analysis, Kappa analysis (both overall and conditional), and the Pair-Wise Z test
statistic. Results obtained in this research indicate overall accuracies of the derived classified
estimates ranged between 75.33 percent and 81.33 percent while differing from the reference
estimate by 10 percent or less.

viii

CHAPTER 1 INTRODUCTION

Impervious surfaces are common features in every urban community and are easily
recognized throughout the urban landscape, as roads and sidewalks, driveways and parking lots,
homes and schools, and shopping centers and factories. Impervious surfaces are not as important
for what they are but moreover for what they do. As the phrase descriptively implies,
impervious surfaces do not allow other substances, water for instance, to pass through; instead it
turns into runoff. In following this definition for this research, impervious surfaces specifically
mean being impenetrable to the passage of water.
Regardless of size, all urban communities are typically dominated by impervious
surfaces. They are the cornerstones and foundations of the way in which we build our society.
As small communities grow and expand, the surrounding rural landscape is transformed into
residential and commercial areas, which are largely comprised of impervious surfaces.
Principally, impervious surfaces can be thought of as constructed surfaces created from materials
such as asphalt or concrete, categorized as belonging to either transportation or rooftop land
cover types.
When the transformation of a rural area begins, infrastructure such as streets and drainage
culverts are typically the first features to be constructed. This allows for the frequent and
reliable transit of motor vehicles in and out of the developing area. As houses and businesses
begin to establish themselves, the types and amounts of impervious surfaces increase. This
development of land and its associated increases in impervious surfaces continue until the area is
nearly all developed and has become a thriving center of residential and commercial activity.

1

From a cultural perspective, this development is both desirable and encouraged because
of the economic benefits. As rural areas are developed, property value increases, jobs are created
to construct and develop these areas, and increases in commerce and demands for products to
perpetuate that development also occur. Therefore, as rural areas undergo growth and
development, the increase in impervious surfaces facilitate society’s organization, consistency,
and prosperity.
Aside from all the benefits that impervious surfaces provide, the construction and
development of an area is seldom thought of as an impact or cultural imprint upon the
environmental landscape. However, the negative effects of impervious surfaces are just now
beginning to be recognized and understood. The literature reports a steady increase in the
profound effects to many of the natural processes that normally occur within the environment. In
effect, not only is the literature identifying and analyzing these effects, but also it suggests the
amounts of impervious surfaces present can act as an indicator for determining the overall
environmental health of that area. For instance, as drainage areas become more impervious, there
is less water infiltrating the soil to recharge the groundwater. With less groundwater, baseflows
in perennial streams decrease causing stress and changes in stream biota within the stream.
When a streams natural balance is upset, each element of that balance reacts in a chain-of-events
manner, leading to increasingly severe problems.
The key to the concept of impervious surfaces acting as an environmental indicator is
their measurability. This refers to the ability to determine the square area that impervious
surfaces occupy. This capability is important because it offers the opportunity to control and
manage the amount of impervious surfaces in an area, thereby, mitigating the vast range of
environmental problems associated to them. However, the difficulty in measuring impervious
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surfaces lies with their immense number, variation in size, and diverse complexity. Additionally,
in order for impervious surfaces to be utilized as an effective environmental indicator, their
measurement must be done within the boundary constraints of a watershed. Measurement based
on the boundary of a watershed not only identifies where to proceed, but it also facilitates a more
effective assessment and course of action.
Before any assessment can be done, a means to estimate impervious surfaces accurately
must be developed. This is the primary objective of this research. Six techniques for estimating
impervious surfaces are described in this paper’s literature review, however image classification
using remotely sensed multi-spectral satellite imagery was the method chosen. The reason for
choosing image classification was largely because estimates of impervious surfaces could be
derived with minimal demands for personnel and funding. Additionally, the author was hoping
to establish the utility and reliability of image classification as an effective means for
municipalities to assess and manage their environmental resources.
The study area chosen for this research is a small urban drainage area located in Baton
Rouge, Louisiana. Considered a Sub-Reach, it is part of the Bayou Fountain watershed located
in the southwest quadrant of East Baton Rouge Parish. It is an area of low to moderate
development but has experienced considerable growth in urban development over the last several
years. The watershed has had a history of flooding and water quality problems; therefore, it was
considered a prudent choice for estimating impervious surfaces.
Three seasonal dates of remotely sensed multi-spectral imagery were used for this
research. One of the reasons for using this imagery was to determine if seasonal differences,
mainly variations in tree canopy densities, had a significant effect on classified results.
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Also, unique to this research was the use of an impervious surfaces reference estimate to
compare against the classified results. To the best of the author’s knowledge, this is the only
study that goes beyond a standard accuracy assessment and compares its classified results to an
impervious surfaces reference value.
The thesis questions proposed for this study are as follows:
•

Can impervious surfaces be classified from Landsat TM imagery?

•

Do classified results compare favorably to other studies?

•

How do classified results compare to a known reference estimate?

•

Are there seasonal differences to consider?

•

When is the best time to estimate impervious surfaces in southern Louisiana?
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CHAPTER 2 LITERATURE REVIEW
This chapter summarizes the theoretical concepts used as a basis for the research
presented in this study. Topics summarized and discussed include:
• Impervious surfaces defined and described;
• Impervious surfaces as an environmental indicator;
• Techniques used to map and estimate impervious surfaces; and
• An overview of the remote sensing and image classification theory.
2.1 Impervious Surfaces Defined and Described
The phrase “impervious surfaces” is a relatively new and descriptive expression used to
characterize certain land cover types found in urban areas. The term impervious generally refers
to something that is impenetrable or that does not allow entrance or passage through (MerriamWebster 1994). As a result, surfaces that do not allow the penetration or passage of another
substance can be considered impervious surfaces.

Specific to this research, impervious surfaces

will be defined as any surface that does not allow the natural infiltration of water.
In any urban area there are many different land cover types that constitute impervious
surfaces, such as paved roads, sidewalks, driveways, parking lots and rooftops. They are
typically land cover types constructed from impervious materials such as asphalt, concrete, brick
and stone. When these materials are applied to an area they create an effective seal against the
infiltration of water resulting in impervious surfaces.
Generally, most of the impervious surface land cover types found in urban areas can be
categorized as belonging to either transportation (roads, sidewalks, driveways, parking lots, etc.),
or rooftop (residential housing, buildings, etc.). From these two major categories, those
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attributed to transportation are typically the largest contributors to total impervious area
(Schueler 1994).
2.2 Development of Impervious Surfaces as an Environmental Indicator
Impervious surfaces have become an important variable for determining the overall
environmental health of a watershed. The extent of their presence tends to have a profound
effect upon the natural processes that normally occur within watersheds. The most obvious of
these effects is the increase in volume of surface runoff during storm events. As more and more
of a watershed's area are covered with impervious surfaces, the volume of surface runoff from
that watershed also increases. This occurs primarily because covering an area with impervious
material tends to make it more hydrologically active, meaning the area is sealed from infiltration
and thereby generates surface runoff. A study by Novotny and Chesters (1981) indicated
surfaces created from impervious materials such as asphalt or concrete, the predominant
impervious material in urban areas, are nearly 100 percent hydrologically active.
However, most effects of impervious surfaces on other environmental processes are not
as obvious as the generation of surface runoff. The following is a short list of effects related to
impervious surfaces and urbanization with respect to particular environmental processes. Effects
include but are not limited to:
•
•
•
•
•
•

Increases in storm runoff volumes (Arnold and Gibbons 1996; Guay 1995; Harbor
1994; Leopold 1968; Saurer et al. 1983; and Seaburn 1969);
Reductions in stream base flows (Spinello and Simmons 1992; Simmons, D. and R.
Reynolds, 1982);
Increases in frequency of floods (Guay 1995; Leopold 1968; Martens 1968; and
Saurer et al. 1983);
Decreases in water quality conditions (Demcheck et al. 1998; Klein 1979; Griffin
1980; Makepeace et al. 1995; Novotny and Chesters 1981; Todd 1989);
Increases in erosion and stream bank sloughing (Booth 1990; Booth and Reinfelt
1993; and Klein 1979);
Reductions in ground water recharge (Arnold and Gibbons 1996; Dunne and Leopold
1978; Harbor 1994; and Seaburn 1969);
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•
•
•
•

Changes in stream morphology (Booth 1990 and Klien 1979);
Reductions in riparian habitat (Galli 1993 and May et al. 1996);
Decreases in specie diversity (Klein 1979; Schueler and Galli 1992; and Shaver et al.
1994); and
Increases in ambient stream temperature (Galli 1991 and Klein 1979).

Although each of these effects can be characterized as being more physically,
biologically or chemically related, they have all been influenced and exacerbated by the presence
of impervious surfaces. Just as increases in impervious surfaces cause watersheds to become
more hydrologically active, they also contribute to the degradation of water quality indices.
Impervious surfaces in themselves do not cause degradation; however, it is the washing and
input of accumulated land use related biological and chemical residues that degrade a water
body’s water quality indices. This has become such a significant problem that the U.S.
Environmental Protection Agency (EPA) has defined surface runoff from impervious surfaces as
one form of Non-Point Source pollution and has identified it as the number one threat to the
nation’s water quality (EPA 1994).
As discussed earlier, the definition and description of impervious surfaces for this
research was one that does not allow for the infiltration of water and can primarily be categorized
as belonging to either a transportation or rooftop land cover type. Additionally, they are mainly
a constructed surface that represents the imprint of land development on the landscape. As the
process of land development begins impervious surfaces are added in the forms of homes and
driveways, shopping centers and parking lots, streets and highways. Eventually, as various
forms of impervious surfaces are added, rural landscapes are replaced with urban communities.
In effect, impervious surfaces are a cultural byproduct of how urban communities are organized,
stimulated and protected. Because of the significant increases in impervious surfaces and
urbanization that has occurred during the last 50 years, it is intuitively rational that many

7

investigators such as Arnold and Gibbons (1996), Schueler (1994) and Sleavin et al. (2000) refer
to urban development as being synonymous with increases in impervious surfaces.
Although increases in impervious surfaces can be correlated with increases in
urbanization, it is conceptually more important to recognize that impervious surfaces are the
common variable to many of the aforementioned effects on environmental processes. This has
led Schueler (1994) to advocate the use of impervious surfaces as a unifying theme to help
assess, mitigate and manage aquatic ecosystems. Similarly, Arnold and Gibbons (1996) describe
impervious surfaces as a valuable tool for both protecting and managing water resources. In
areas where few records or little detailed information is available, they hypothesize impervious
surfaces might be the most cost effective and feasible parameter for addressing issues related to
water resources. They attribute this value to two major factors, the first of which is impervious
surfaces are integrative. This means a more uniform and consistent analysis can be reached
about water resources because inherent complexities associated with specific environmental
processes can be avoided.
The second factor is impervious surfaces are measurable (Arnold and Gibbons 1996).
This means its physical size or area can be determined and short of being modified or destroyed,
its results, once measured, are reproducible. Therefore, depending on the size of the area
considered and purpose for which it is to be applied, a wide range of techniques exists for the
measuring of impervious surfaces.
Additionally, Arnold and Gibbons (1996) established four important properties that
should be considered when assessing the effects of impervious surfaces. Impervious surfaces:
(1)
(2)
(3)

Are a critical contributor to hydrologic changes that degrade waterways;
Are a major component of the intensive land uses that generate pollution;
Prevent absorption, infiltration and natural pollutant processing in the soil; and
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(4)

Are an efficient conveyance system for transporting both runoff and associated
pollutants into waterways.

In effect, it is this rationale that brought Schueler (1994) and Arnold and Gibbons (1996)
to suggest that impervious surface should be used as an environmental indicator. This inference
is based on several decades of research indicating a consistent and strong correlation between the
amount of impervious surface in a watershed and the health of its receiving stream (Booth and
Reinfelt 1993; Griffin 1980; Klein 1979; Schueler 1987; Schueler 1992; Schueler 1994; and,
Todd 1989).
In an attempt to summarize the results of these studies, Schueler (1992) proposed a threetier classification scheme to illustrate the relationship between impervious surface and stream
health (Figure 2.1). As shown, the graph generalizes that as a watershed’s impervious surface
increases, the overall health of that watershed’s receiving stream decreases.
From the studies reviewed, thresholds were developed where average values of
impervious surfaces could be associated with different levels of stream degradation. Explained
first by Schueler (1992), and then later by Arnold and Gibbons (1996), these thresholds define
three broad categories of stream health which can be characterized as “protected” (less than 10
percent), “impacted” (10 percent-30 percent) and “degraded” (greater than 30 percent).
2.3 Techniques for Mapping and Estimating Impervious Surfaces
A discussion of the wide range of techniques used to map and estimate impervious
surfaces will be presented in this section. Throughout the discussion, individual techniques will
be identified and described along with any specific advantages or disadvantages associated with
the technique for determining impervious surfaces
The phrase “measurement of impervious surfaces” can be appropriately applied only in
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the first technique described; the remaining techniques use methodical estimation. This is
primarily due to the aerial extents and amounts of impervious surfaces in many of the studies.
As study area size and amounts of impervious surfaces increase, it becomes more difficult to
perform a direct and quantifiable measurement.
2.3.1 Optical Surveying and Global Positioning Systems
The first method involves the physical measurement and quantification of area for all
impervious surfaces by either a traditional optical ground-based survey technique or through the
use of a global positioning system (GPS). According to Sleavin (1999), optical surveying and
GPS are the most accurate techniques; however, both require extensive fieldwork and
considerable man-hours to record geographic locations for all roads, buildings, parking lots,
sidewalks, etc. As a result most investigators consider these techniques prohibitively cost
effective, especially when measuring impervious surfaces in large study areas.
10

2.3.2 Photographic Interpretation
Photo interpretation uses aerial photography for estimating impervious surfaces. Draper
and Rao (1986), Harris and Rantz (1964), and Saurer et al. (1983) used photo interpretation in
their respective studies and considered it to be one of the most accurate methods for determining
impervious surfaces estimates. However, similar to optical surveying and GPS, photographic
interpretation can be time consuming and very expensive. These issues are evident in the cost
and operation of sophisticated equipment such as aircraft and navigational instruments along
with the skill level of experienced individuals needed to use such equipment. This is why
Sleavin (1999) suggests that determining impervious surfaces from aerial photography is only
practical for small study areas (i.e., town-level or sub-regional watershed).
2.3.3 Detailed Maps
Estimating impervious surfaces employs the use of detailed maps. Investigators such as
Martens (1968), Southard (1987), and Spencer and Alexander (1978) have all attempted to
extract impervious surfaces estimations from detailed maps by overlaying them with grid frames
from which to identify and quantify impervious surfaces. However, because maps are mere
representations or models of reality, the identification and estimation of impervious surfaces is
limited to the types of information and level of detail the maps display. This level of detail,
generally referred to as scale, can be defined as the proportional distance between what is
represented on the map versus what is reality (Avery and Berlin 1992). A small-scale map
covers a large geographic area with less detail as compared to a large-scale map covering a
smaller geographic area with more detail. As a result, the ability to extract accurate impervious
surfaces estimates from detailed maps is a process that is highly dependent on the information
represented and the scale at which it is displayed.
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2.3.4 Population Density
A more indirect approach of estimating impervious surfaces is in using population
densities. Stankowski (1972) developed a quantitative index of urban land use characteristics
that could then be applied to water resource analyses. From his results, Stankowski suggested
population density was the only independent variable needed to empirically estimate proportions
of impervious surfaces associated with different degrees of urban development. He developed
and used correlation values between population density and the proportions of land use in each
of six urban land use categories. From those values, he weighted his land use categories by the
average percentage of impervious surfaces found in each land use category. Using these
weighted correlation values the amount of impervious surfaces from a particular study area could
then be estimated. Although somewhat limited by inherent averaging processes, this approach
was offered as a rapid and inexpensive technique for generating qualitative indices about
urbanization and impervious surfaces.
2.3.5 Image Classification
A fifth method for estimating impervious surfaces is the classification of remotely sensed
satellite data. The general process entails the collection of reflected electromagnetic radiation
from the earth’s surface to sensors onboard a satellite. Depending upon the satellite, there are
differences in the number of bands, individual bandwidths, and spatial resolutions that sensors
onboard various satellites are able to detect and collect.
Once the satellite data is collected it can be processed, formatted and geo-rectified for
analysis in a digital environment. Image classification operations can then be performed.
Conceptually, the objective of digital image classification is to replace a subjective, visual
analysis process with a more objective, quantitative technique for automating the identification
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of features in a scene. This procedure normally involves the analysis of multispectral image data
and the application of statistically based decision rules for determining the feature identity of
each pixel in an image. Ultimately, it is the intent of the image classification process to
categorize all pixels in a digital image into one of several land use/land cover classes or “themes”
(Lillesand and Kiefer 1994).
As an early investigation into the potential of image classification, Toll (1984) evaluated
Landsat MSS and TM data for discriminating between different land cover types. He noted
higher levels of accuracy were achieved using Landsat TM data than the older Landsat MSS data
for classifying certain urban land cover types. Prior to his investigation, there had been very few
studies conducted that used remotely sensed satellite data to classify urban land cover types. The
lack of interest for classifying urban features was due to the coarse spatial resolution (79-82
meters) of Landsat MSS and the relative newness of the digital image classification technique.
However, with the improved spatial resolution of Landsat TM (30 meters), a new interest for
studying urban land cover was generated. Specific to this research, Plunk, Jr., Morgan, and
Newland, (1990) used the higher spatial resolution of Landsat TM to classify impervious
surfaces from an urban area near Fort Worth, Texas. Their results indicated an 85.1 percent
accuracy level for classifying impervious surfaces. Although both studies reported improved
accuracies for classifying certain urban feature types, the authors indicated total impervious
surfaces were often underestimated because of the spatial complexity and heterogeneity of many
urban land covers.
2.3.6 Subpixel Analysis
The final method identified for estimating impervious surfaces is subpixel analysis. This
method is similar to image classification in that it uses remotely sensed satellite data in a digital
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environment to perform an image classification. The technique however, uses advanced
software analysis to assess non-homogenous pixels referred to as mixed pixels. The intent of this
method is to analyze non-homogenous, mixed pixels at a higher spatial sensitivity lending itself
to a better overall image classification.
Flanagan (2001) and Ji and Jensen (1999) demonstrated that by using subpixel analysis
they were able to quantify impervious surfaces from urban areas despite a small degree of
difficulty in handling the spectral heterogeneity of diverse urban features. Although both
investigators reported a high level of accuracy using subpixel analysis, the procedure is too
advanced and computer resource intensive for what the author of this study hopes to establish.
2.4 Overview of Remote Sensing and Image Classification Theory
After reviewing the six techniques in the previous section, image classification was the
technique chosen for this study. This was largely due to constraints in available data and
manpower, but ultimately the author hoped to develop a practical means by which urban areas
could quantify impervious surfaces in a cost effective and timely fashion with reasonable
expertise.

Consequently, the fundamentals of remote sensing and image classification will be

discussed in the following subsections.
2.4.1 Remote Sensing Theory
The literature provides many definitions of remote sensing, so many that Campbell
(1996) has compiled a table of some of those definitions. Those definitions that are important to
this study are listed below:
•
•

Remote sensing is basically the art or science of telling something about an object
without touching it (Fischer et al. 1976).
Remote sensing though not precisely defined includes all methods of obtaining
pictures or other forms of electromagnetic records of the earth’s surface from a
distance, and the treatment and processing of the picture data…Remote sensing then
in the widest sense is concerned with detecting and recording electromagnetic
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radiation from the target areas in the field-of-view of the sensor instrument (White
1977).
• Remote sensing is the science of deriving information about an object from
measurements made at a distance without actually coming in contact with it
(Landgrebe 1978).
• Remote sensing is the science and art of obtaining information about an object, area
or phenomenon through the analysis of data acquired by a device that is not in
contact with the object area or phenomenon under investigation (Lillesand and Kiefer
1994).
By examining the common elements of these definitions, Campbell (1996) developed a more
concise and complete definition of remote sensing that can be applied to the study presented
within:
“Remote sensing is the practice of deriving information about the earth’s
land and water surfaces using images acquired from an overhead perspective,
using electromagnetic radiation in one or more regions of the
electromagnetic spectrum, reflected or emitted from the earth’s surface
(Campbell 1996).”

For this research, impervious surfaces common to urban areas reflecting or emitting the sun’s
electromagnetic radiation to the TM sensor on board Landsat 5 corresponds to Campbell’s three
basic components. He also emphasizes that it is the interaction between the energy and the
object that makes remote sensing a discernable and useful tool. This type of sensing, energy
emitted from an object, where the absolute origin of this energy is the sun, defines Landsat TM
as a passive sensor.
The other type of sensor is an active sensor, or one whose energy is self-generating and
upon contact with the object, it is reflected back to the sensor. Examples of these systems are
RADAR (radio detection and ranging), LIDAR (light detection and ranging) and SONAR (sound
detection and ranging).
Although all three are ranging devices used for distance measurement, each uses a
different form of energy. In the case of RADAR, microwave energy is first transmitted toward
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an object where the energy interacts with the object and is then reflected back towards the sensor
where the reflectance pattern is recorded, mimicking the object’s interaction with the energy.
LIDAR and SONAR systems are similar in that they measure distances and produce reflectance
patterns as well; however, their respective sources of energy are light and sound.
Landsat Thematic Mapper (TM) imagery was chosen as the source imagery for this
study. TM is a passive sensor used onboard a series of satellites developed by the United States,
collectively known as the Landsat program. Specifics about the sensor and imagery as well as
why TM imagery was chosen will be discussed in the following sections.
2.4.2 Image Classification Theory
The theory of image classification is an important construct of the research presented in
this study. Referring back to the definitions of remote sensing discussed in the previous section,
the purpose of remote sensing is to derive information about an object, land or water surface. In
order for this to be possible an ability to observe spectral differences in the energy reflected from
those objects must be present. This, according to Campbell (1996), is the basis of multispectral
remote sensing—having the ability to derive information about the earth’s surface using varied
wavelengths of the electromagnetic spectrum. Taking advantage of those spectral differences
allows for features in a scene to be more automatically and quantitatively identified (Lillesand
and Kiefer 1994). This is achieved through a process referred to as multispectral classification—
a process of sorting pixels into a finite number of individual classes or categories based on
numerical values within the data file (ERDAS 1997). Expressed in a more descriptive and
comprehensible manner—classification is a process of pattern recognition—the science and art
of finding meaningful patterns in data (ERDAS 1997). At a glance the human eye does this quite
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well however, in very complex, heterogeneous scenes, the use of a computer to recognize
differences in spectral patterns can be more perceptible, quantifiable and reliable.
The image classification process can be divided into two main categories—unsupervised
and supervised. In the unsupervised image classification process, the computer and software
function more autonomously to group pixels by a clustering method based on the natural pixel
groups found within the imagery. Conversely, in supervised image classification the computer
analyst has much more control of the grouping process. For example, instead of allowing the
software to group pixels automatically, the analyst might only want to group certain specific
pixels to represent a particular land use or land cover pattern (ERDAS 1997). Either one of these
methodologies can be used independently of the other, or a combination of the two can be
applied. The choice is largely project specific. For this research, as described in Chapter 4, the
chosen methodology was an unsupervised classification approach.
2.4.3 Overview of the Spaceborne Multispectral Imaging Platforms
Development of multispectral platforms originated in part due to the achievements made
during World War II. This is when use and experimentation of wavelengths outside of the
visible range of the electromagnetic spectrum—infrared and microwave regions—proved their
value. Use of infrared film played such a vital role in identifying enemy targets that it became
known as the camouflage detection film (Campbell 1996). It was this wartime research and
operational experience that propelled the “theoretical and practical knowledge required for
everyday use of the nonvisible spectrum in remote sensing” (Campbell 1996).
The age of multispectral satellite imagery began on July 23, 1972, with the launching of
ERTS 1 (Earth Resources Technology Satellite) by the United States. This was the first of many
unmanned, earth-orbiting satellites specifically designed to acquire repetitive, multispectral
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observations of the earth’s surface. To provide some notoriety and distinction from the Seasat
program the satellite was retroactively renamed Landsat 1. Landsat 1 was later successfully
followed into orbit by Landsat 2 through 5. Landsat 6 was destroyed during launch and Landsat
7, the latest of the satellites, was successfully launched on April 15, 1999 (Farr 1999; Lillesand
and Kiefer 1994).
Early Landsat satellites carried two sensors, the Return Beam Vidicon (RBV) and the
Multispectral Scanner (MSS). The RBV was camera-like and designed to provide higher
geometric accuracy but lower spectral detail than the MSS. In contrast, the MSS was designed to
provide finer detail of spectral characteristics but less positional accuracy. Having familiar
camera-like qualities, such as resolution and positional accuracy, the anticipated focus was on
the RBV. However, there were considerable technical difficulties and the MSS soon became the
most popular Landsat sensor. For this reason, and because of the applicability to this research,
the remainder of this discussion will focus on MMS and TM sensors.
The MSS was the primary sensor on Landsat 1 through 3. With the launch of Landsat 4
it became the secondary sensor and was discontinued after Landsat 5 (Campbell 1996). MSS
collected data from four bands (Table 2.1) corresponding to unique bandwidths of the
electromagnetic spectrum. It had a spatial resolution of approximately 80 meters characterizing
it as a coarse sensor for observing land surface features (Campbell 1996; Lillesand and Kiefer
1994).
Although regional applications would not be severely hindered by the coarse resolution
threshold, it would limit studies of smaller geographic extent. However, future systems would
be developed with higher spatial resolutions that would in turn expand the applicability of
multispectral image classification.
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On July 16, 1982, Landsat 4 was launched bringing forth an era of unprecedented spatial
resolution and spectral bandwidth diversity. Key to these improvements was the inclusion of the
TM sensor on Landsat 4 and successors Landsat 5 and Landsat 7. TM has seven different
spectral bands, six of which have spatial resolution of 30 meters. The thermal band has a spatial
resolution of 120 meters (Table 2.2)
Table 2.1. Multispectral Scanner (MSS) Bands.
(Source: Adapted from Campbell 1996)
Landsat 1-3
Band Number
4
5
6
7

Wavelength (um)
0.5-0.6
0.6-0.7
0.7-0.8
0.8-1.1

Resolution (meters)
79/82*
79/82*
79/82*
79/82*

Landsat 4-5
Band Number

Wavelength (um)

Resolution (meters)

0.5-0.6
0.6-0.7
0.7-0.8
0.8-1.1

79/82*
79/82*
79/82*
79/82*

1
2
3
4

*79m Landsat 1-3; 82m Landsat 4-5

The TM spectral bands were specifically designed to serve scientific investigations. Each of the
TM’s bandwidths was carefully chosen unlike those bandwidths that were arbitrarily assigned to
the MSS. This was done to optimize each band’s sensitivity to the types of land surfaces and
environmental conditions each wavelength could best distinguish. TM also provided a finer
spatial resolution than MSS resulting in better spatial detail and pattern recognition.
Improvements were also seen in brightness and contrasting capabilities because of
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the 8 bit (256 brightness levels) design TM used for recording the digital values of each
bandwidth. A compilation of all the modifications and improvements associated with the TM
sensor produced images of much finer detail than those of the MSS sensor

Table 2.2. Thematic Mapper (TM) bands.
(Source: Adapted from Campbell 1996)
Landsat 4-5
Band
Number
1
2
3
4
5
6
7

Wavelength (um)

Resolution (meters)

0.45-0.52 Blue-Green
0.52-0.60 Green
0.63-0.69 Red
0.76-0.90 Near infrared
1.55-1.75 Mid infrared
10.4-12.5 Far infrared
2.08-2.35 Mid infrared

30
30
30
30
30
120
30

The use of seven rather than four spectral bands, as well as a smaller pixel size within the
same image area, means that TM images consist of many more data values than do the MSS
images. As a result, each analyst must choose the TM bandwidths that are most likely to provide
the required information for the application. Because the “best” combinations of TM bands vary
according to the purpose of each study, season, geographic region, and other factors, a single or
standard selection of bands is unlikely to be equally effective in all circumstances (Campbell
1996).
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CHAPTER 3 DATA AND METHODS
An overview of the data, methods and software procedures used to create both the
digitized reference data and the classified satellite imagery maps required for this research will
be provided in this chapter. Also, a brief description and historical background of the study area
will be presented, followed by an explicatory discussion of the data, methods, and software
procedures that were used.
3.1 Study Area
The study area is a small urban drainage area located in Baton Rouge, Louisiana. In
terms of watershed order, the study area is considered a sub-reach drainage area that is part of a
sub-watershed, which is joined by two other sub-watersheds that comprise the Bayou Fountain
watershed. Identified as Sub-Reach 22-5 (Smith, 1992), the study area is part of the East Baton
Rouge City-Parish Department of Public Works delineated drainage basins and geographically
located in the southwest quadrant of East Baton Rouge Parish (EBRP) (Figure 3.1). Although
the area is low to moderately developed and is comprised of mostly residential and commercial
structures, it has experienced a considerable surge in urban development over the last several
years.
The Bayou Fountain watershed consists of two geomorphic regions: the Mississippi
River floodplain and the Pleistocene terrace uplands. The watershed is bordered by the
Mississippi River on the west and the Pleistocene terrace on the east. Its northern boundary
extends from the city’s downtown business district to the natural levee of Bayou Manchac on the
parish's southern border. As mentioned earlier, the watershed is composed of three subwatersheds, each with their respective tributaries draining into Bayou Fountain.
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When the Bayou Fountain area was first settled, the watershed was primarily used for
agriculture. Louisiana State University relocated its campus in the northern end of the basin in
1922, (Louisiana State University 1991) essentially, which began the watershed’s conversion
from a predominantly agricultural land use area to a predominantly urban one. Initial urban
development occurred primarily in the upper reaches of the watershed or on the Pleistocene
uplands, while later development has continued on the uplands and while moving out onto the
Mississippi floodplain. At present, the floodplain is the primary focus of development.
Historical records indicate that Bayou Fountain has had many occurrences of flooding
problems. According to Coxe (1992), the Bayou Fountain area has flooded 16 times since 1784;
the most recent severe flooding occurred in 1953. Studies performed by Lowe (1975) and Albert
Switzer & Associates (1966) indicated that headwater flooding was a major concern for the
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Bayou Fountain watershed. These headwater areas are the more urbanized and developed areas
of the watershed located closer to the city’s downtown business district.
Water quality issues have been a problem for the Bayou Fountain watershed as well.
Coxe (1992) state’s that as long as 40 years ago, local children would refer to the bayou as
“Stink Creek” because of its pollution. It was most likely the non-point sources of pollution
from agricultural operations, residential yards, urban streets, and point sources from sanitary
sewers that were the probable causes of these problems.
As a whole, the Bayou Fountain watershed exhibits a wide range of forest and vegetation
densities. Because of its land use as both a floodplain and an agricultural area, much of the
watershed can be characterized as open with little or no tree canopy. Similarly, the sub-reach
watershed used in this study can be mostly characterized as open grassland or agricultural.
However, two areas of the sub-reach watershed are predominately forested. These areas are the
upland elevations of the Pleistocene terrace along Highland Road and the lower wetlands area
known as Bluebonnet Swamp.
From the brief description above, it is clear the dynamics of the Bayou Fountain
watershed are increasingly changing from a floodplain and agricultural area to one more urban.
With its past history of flooding and water quality problems, the increased rates of urbanization
and associated impervious surfaces are likely to exacerbate those problems within the watershed.
This concern alone warrants the need to estimate impervious surfaces. However, contrasted to
the study by Plunk, Jr., et al. (1990), this investigation will attempt to determine if impervious
surfaces can be accurately estimated in geographical areas that have more of a subtropical
climate. For these reasons the Bayou Fountain watershed was chosen as a study area to evaluate
remotely sensed satellite imagery as a data source for estimating impervious surfaces.
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3.2 Data Sources
3.2.1 Aerial Photography
To evaluate whether remotely sensed satellite data is a suitable source for estimating
impervious surfaces in urban areas, reference data coincidental in geographic location will be
required. For this purpose large-scale digitally scanned aerial photography of the Bayou
Fountain watershed was obtained from the EBRP Planning Commission. The photography was
the result of an earlier cooperative agreement between EBRP and the US Army Corps of
Engineers (Corps) in which the Corps organized and contracted a private aerial photography and
mapping company to fly and collect aerial photographs of EBRP. As part of that agreement, the
data was preprocessed, registered, and geo-referenced with a Lambert Conformal Conic, North
American Datum (NAD), 1983, StatePlane (feet) Louisiana, South, FIPS 1702, projection
facilitating its immediate use into a Geographic Information System (GIS). The collection of the
aerial photography began in late fall of 1997 and was completed in spring of 1998. Efforts put
forth by the Corps produced large scale (1/1200), standard color aerial photography with a 0.8foot spatial pixel resolution. (See Figure 3.2)
The aerial photography used as reference data for this study should not be confused with
the statewide aerial photography dataset commonly known as the Digital Orthorectified Quarter
Quadrangles (DOQQ), which were collected in the fall of 1998 under the direction of the
Louisiana Oil Spill Coordinators Office (LOSCO), Office of the Governor. The DOQQ aerial
photography is a color infrared (near) data set (bands 4,3,2), whereas the parish-wide aerial
photography used in this study is a natural true color data set (bands 3,2,1). (See Figure 3.3)
The true color parish-wide aerial photography was chosen for this research primarily
because it had the highest resolution and largest scale of any the available data. However, the
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photography did have some limitations. It was not orthorectified, meaning it had geometric
distortions. The band combinations were natural true color instead of the vegetation sensitive
infrared wavelength band combination. Furthermore, the collection date of the aerial
photography was approximately 1 year prior to the collection date of the satellite imagery used
for this research.
3.2.2 Satellite Imagery
Remotely sensed satellite imagery, used for purposes in the image classification process,
was obtained through the Louisiana Department of Environmental Quality (LDEQ) GIS Center.
Permission to use the imagery for this research project was granted from Space Imaging™ of
Thornton, Colorado. The satellite imagery consisted of three full Landsat 5 Thematic Mapper
scenes of seven band, multispectral imagery. The scenes of interest correspond to Thematic
Mapper Worldwide Reference System (WRS) Path #23 and Row #39 (Figure 3.4). The
imagery's projection was Universal Transverse Mercator (UTM), North American Datum (NAD)
1927, zone 15, meters (units).
The imagery was part of a data acquisition originally purchased for other project
activities that were being conducted at the LDEQ-GIS Center. The acquisition consisted of
purchasing four specific dates of remotely sensed satellite data that coincided with seasonal
differences found in south Louisiana. Respective dates of the imagery are April 20, 1998,
August 26, 1998, October 13, 1998, and December 16, 1998. In order to coincide with seasonal
differences and tree canopy variations, only the April 20th, October 13th, and December 16th
dates of imagery were used for this study.
3.3 Hardware and Software
This section will describe the hardware and software used in this research project. All
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data processing and analysis were performed using a GIS and image processing software.
Although the described analytical procedures and techniques are specific to this research, they
are fundamental operations and are generally applicable to other hardware and software
configurations.
All image classification and GIS procedures were performed on a Compact model SP 750
workstation running under the Microsoft Windows 2000 Version 5.0 operating system.
GIS software used throughout the project consisted of ESRI ArcMap, both the ArcView
and ArcInfo platforms, version 8.2. Processing and classification of the Landsat 5 Thematic
Mapper multispectral imagery was performed using ERDAS Imagine, version 8.6 software.
3.4 Digitization and Classification
A discussion of the methods and procedures used to develop the comparable estimates of
impervious surface for this study will be presented in this section. The digitization of the
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reference data from aerial photography will be discussed first, and then followed by a discussion
of the classification process of remotely, sensed imagery.
3.4.1 Digitized Reference Data Methodology
Geo-referenced aerial photography with a Lambert Conformal Conic, North American
Datum (NAD), 1983, StatePlane, feet (units) Louisiana, South, FIPS 1702 projection was
obtained from the EBRP Planning Commission. A total of 19 digital frames of aerial
photography were necessary to encompass the study area. Although Figure 3.2 displays a digital
mosaic of the aerial photography and study area, each of the 19 frames were digitized separately
to increase refresh rates and panning operations during the digitizing process.
Before the actual digitizing process could begin, an empty polygon shapefile had to be
created in ArcMap, ArcView, 8.2. Each shapefile was created and named to correspond with
each of the individual frames of aerial photography. Projection of these shapefiles was defined
to be identical to the aerial photography and data view frame of ArcMap, ArcView, 8.2. Figure
3.5 shows a data view frame with an individual frame of aerial photography, a shapefile of
digitized impervious surfaces and a data view frame properties window indicating the frame's
projection. A shapefile is ESRI's file convention for collecting and storing geographic vector
features and their attributes. Vector features are stored as points, lines or polygons. A polygon
shapefile was used in order to facilitate estimating area of impervious surfaces for this research
A shapefile of the study area's boundary, described and identified earlier as Sub-Reach
22-5, was overlaid on each scene of aerial photography in order to identify exactly what areas of
each scene were within the study area and to determine the extent of impervious surface that
would require digitizing. Reprojection of the Sub-Reach boundary's shapefile was performed in
order to coincide with the other data layers projection
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3.4.2 Mechanics of Digitizing
Impervious surfaces such as roads, driveways, sidewalks, buildings, parking lots, and
recreational areas (swimming pools, tennis courts, basketball courts, etc.) were digitized from the
parish-wide aerial photography. The process entailed tracing each identifiable feature’s
impervious footprint from the aerial photography and assigning it to a feature category as either
related to structure, transportation or recreation. The process continued until all identifiable
impervious surfaces within individual frames were digitized and attributed. Upon completion,
each frame's shapefile of digitized impervious surface was stored to the computer system's
hardrive. Shapefiles were kept separate until all 19 of the frames could be merged into three
shapefiles each respective of their attribution. Once the 19 individual shapefiles were
successfully merged, they could then be imported into an ArcMap, ArcView, 8.2 geodatabase to
facilitate summarization of each shapefiles' total impervious surface area.
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The merged transportation shapefile required a dissolve function process to be performed
prior to summarizing total impervious surface. This process was necessary due to the
overlapping boundaries that were created during the digitizing process between many
transportation features such as streets and driveways or streets and parking lots. Having
performed the dissolve function, the transportation total impervious surface could then be more
accurately quantified.
3.4.3 Image Classification Methodology
The image classification procedure described in this section entails procedures for
preprocessing and for refining the classification approach. An image subset preprocessing
procedure will be described first, followed by a description of the unsupervised classification
approach.
Prior to image classification, a subset of each of the three dates of remotely sensed
satellite imagery was made using the Sub-Reach shapefile to delineate and clip the study area.
Figure 3.6 shows a subset view, bands 4,3,2, of the three dates of remotely sensed imagery used
for this study. Bands 4,3,2 were chosen because of their electromagnetic spectrum sensitivities
for landscape features important to this research:
Band 4 for its sensitivity to vegetation and contrasts between vegetation and land, and
Bands 3 and 2 for their sensitivity to urban or cultural features (ERDAS 2001).
The advantages of the subset process not only identified the study area but also improved image
processing and panning operations.
To help determine the most appropriate method for classifying impervious surfaces from
multi-spectral imagery, an image alarm analysis was performed. This analysis essentially allows

30

selected groups of pixels from a known feature type to be chosen as an area of interest (AOI).
The AOI is then evaluated as to how well its spectral signature (sometimes referred to as spectral
response pattern) represents similar features types throughout the image. Caution is emphasized
however, as Lillesand and Kiefer (1994) state a spectral signature should not be thought of as
absolute or unique. Instead they assert the variability of spectral signatures between similar
features.
Results from the image alarm are somewhat of a preclassification analysis because it
allows signatures to be “created, managed, evaluated, edited and classified” ERDAS (1997).
The intended purpose of performing the image alarm analysis was to determine whether a
supervised classification or if a combination of unsupervised and supervised classification
methods should be utilized.
The image alarm analysis was primarily performed on the December 16th image because
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of its low interference probability from vegetation and closed tree canopy characteristics. To
gain a better understanding of signature development, different areas of impervious surface and
numbers of pixels were used to perform the image alarm analysis. In each analysis specific
AOIs created from digitized shapefiles of identified impervious surface from the DOQQ aerial
photography were used. In order to ensure representativeness, the AOIs were chosen to be as
large and contiguous as possible. Examples of AOIs used in the image alarm analysis were
commercial parking lots or dense cluster housing with adjacent parking areas. Pixel numbers of
the digitized shapefile AOIs ranged from as few as two pixels to as many as fifteen.
3.4.4 Unsupervised Classification
After reviewing numerous image alarm analyses it was determined that spectral response
patterns from the urban landscape were too complex and diverse to provide much benefit in
developing impervious surface signatures from either AOIs or training fields developed by
growing pixel areas of similar reflectance characteristics. As a result, these complexities led to
an unsupervised classification approach to be chosen for this research.
An unsupervised classification is a process by which groups of similar pixel signatures
are clustered together. The process is fairly automated, utilizing a minimum amount of operator
input. Further, it requires little or no prior knowledge about the area to be classified because the
unsupervised classification approach uses a clustering algorithm commonly referred to as
Iterative Self Organizing Data Analysis Technique (ISODATA).
First developed by Tou and Gonzalez, (1974) the ISODATA algorithm creates spectral
clusters or groupings of similar pixels within the multispectral image data set. This is a more
reliable and scientific approach than the AOIs or training fields used in the image alarm analysis
because of the way in which the ISODATA algorithms dispenses with the complexities of the
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urban landscape. By allowing the computer to use spectral statistics to mathematically sort
pixels into similar signature groups, the difficulties of identifying and finding all the diverse
spectral signatures are performed by the computer. This approach ensures that all pixels are
evaluated for the purpose of signature development whereas the image alarm function only
identifies similar pixel signatures as those in the AOI.
Early attempts of an unsupervised ISODATA classification used class (signatures) sizes
of 25 and 50 respectively, along with a maximum of 25 iterations and a convergence value of
0.97. As each of these early classification attempts were completed and evaluated, it became
evident that a large number of classes (greater than 50) would be required in order to sort and
create the distinct signature clusters representative of a complex urban landscape. Because the
number of classes in an unsupervised classification equates to classes with more unique and
distinct signatures, the number of ISODATA classes was increased to 125.
The resultant 125 ISODATA classes were then assigned categorical names representing
specific feature type they belong to within the study area. This was primarily achieved by
visually comparing individual classes to study area locations within the DOQQ aerial
photography. Once all 125 ISODATA classes were appropriately assigned, the classes were then
recoded and collapsed to combine and reduce similar categorical classes to one each,
representative of the category they represent. The individual classes were then summarized to
compute the total area represented by each class.
3.5 Accuracy Assessment
The accuracy assessment for this project utilized a stratified random sampling scheme
with a 3x3 window size and a majority threshold rule of eight (Congalton and Green, 1999, and
ERDAS, 2001). A total of 150 accuracy assessment points per image date were generated using
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ERDAS Imagine 8.6 software. Classified image locations of the accuracy assessment points
were then compared to the DOQQ aerial photography in order to determine which feature class
the assessment point represented on the aerial photography. This information was entered into
the error matrix from which the user, producer, and overall accuracy of the classification were
computed. The same process was performed for each of the three dates of classified imagery.
Additionally, an overall Kappa analysis, a conditional Kappa analysis and a pairwise
analysis were performed on each of the three dates of classified imagery. The overall Kappa
analysis was to determine if classification results were better than if the process were performed
randomly. The conditional Kappa analysis determines a similar assessment as the overall Kappa,
but on an individual class basis. Lastly, the pairwise analysis was used to determine if there was
a significant difference between the results of the three dates of classified imagery (Congalton
and Green, 1999).
A detailed discussion and explanation of the Kappa analysis can be found in Chapter 4.
Equations of the Kappa analysis are presented in a stepwise format with explanation. Results
from each of the respective analyses are likewise presented.

34

CHAPTER 4 RESULTS AND DISCUSSION
This chapter will present the results of this study with statistical constructs of the
accuracy assessment theory presented first, followed by the results of the image classification.
Important to any satellite image classification analysis is the ability to qualify the results
descriptively. By doing this a measurable statement can be made as to how well the
classification process worked and how well the classification represents the reality of the area
being classified. Once this process is completed, it can be compared to the digitized reference
data.
The concluding sections of this chapter will present the independent and pairwise Kappa
analysis discussion. Finally, a summary discussion of the quantifiable results and statistics
derived from the seasonal dates of classified imagery will be presented.
4.1 Accuracy Assessment Theory
The error matrix is the most common means for expressing the accuracy of classified
images (Lillesand and Kiefer, 1994; Campbell, 1996). Described as a square array, an error
matrix is comprised of numbers arranged in rows and columns equal to the number of categorical
classes in the classification being assessed. The concept of the error matrix compares two sets of
data: (1.) the reference data that is considered to be correct; and (2.) the classified data that will
be compared to the reference data to determine its classification accuracy.
The left-hand side (y axis) of the error matrix is typically labeled with the categories of
the reference (correct) data and the top edge (x axis) is labeled with same categories but refers to
the data to be evaluated. The numeric values expressed within the error matrix represent specific
sample units, such as pixels, clusters, or polygons, which are common to both data sets
(Congalton and Green, 1999). Errors identified in a matrix are either errors of commission
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(inclusion) or errors of omission (exclusion). When a sample unit is incorrectly included in a
class, an error of commission has occurred. Inversely, when a sample unit is excluded from the
proper class, an error of omission has occurred.
There are typically three measures of accuracy that can be derived from an error matrix
analysis: the matrix's overall accuracy, the producer’s accuracy and, the user’s accuracy.
•
•

•

The overall accuracy refers to the sum of all correctly classified sample units (major
diagonal from upper left to lower right) divided by the total number of sample units.
The producer accuracy, as the name implies, is a measurement of how well the
analyst performed the classification, i.e. how correct the sample units for each class
were classified. The producer's accuracy is calculated by dividing the total number of
correctly classified sample units of a particular class in a classified image by the total
number of sample units for that class in the reference data set.
Comparatively, the user accuracy is informative to the user of the classification as it
is a measurement of the reliability of the classified classes, i.e. how correct a
classified sample unit represents a particular class on the reference data. Computing
the user’s accuracy is achieved by dividing the number of correctly classified sample
units for a particular class in a classified image by the total number of sample units
classified as that class.

For computational purposes, the error matrix organizes and expresses the number of
samples (n) that have been assigned to specific categories respective of either the classified
image (matrix rows) or the reference image (matrix columns) data sets. In the equations that
follow, Congalton and Green, (1999) use i to refer to classification categories and j to refer to
reference data categories. Therefore, ij denotes the number of samples from both the classified
image and reference data sets that have been assigned to each specific category. (Formula 4.1)
Let
k

ni + = ∑ nij
j =1

be the number of sample units classified as class i in the image classification data set (ni+ denotes
row total) and
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let

k

n + j = ∑ nij
i =1

be the number of sample units classified as j in the corresponding reference data set (n+j denotes
column total).
The overall accuracy between the classified image data set and the reference data set can
then be computed by the following:

k

∑n

ii

overall accuracy =

i =1

n

Producer’s accuracy can be computed by: (Formula 4.2)
producer ' s accuracy j =

njj
n+ j

and the user accuracy can be computed by: (Formula 4.3)

user' s accuracy i =

nii
ni +

4.2 Accuracy Assessment Results and Discussion
This section presents accuracy assessment results for each of the three dates of classified
images. Assessment began by generating a separate set of reference points for each image. This
was done in order to evaluate the classified image against the reference image on a point-bypoint basis. Results from each classification date are presented in error matrices, summary tables
and bar graphs for comparative purposes.
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4.2.1 Accuracy Assessment of April 20, 1998 Classification

Analysis of the April 20, 1998 error matrix indicates an overall image classification
accuracy of 78.67 percent. Class specific user and producer accuracies are presented in Tables
4.2 and 4.3 respectively. The relative acreage as well as the percent of watershed per individual
class from the April 20, 1998 classification follows:
•

Water

63.83 acres

(1.50%)

•

Trees

933.71 acres

(21.89%)

•

Vegetation

1,505.93 acres

(35.31%)

•

Mixed

1,087.85 acres

(25.51%)

•

Impervious

673.79 acres

(15.80%)

Table 4.1 Error Matrix April 20, 1998 Classification
Water

Trees

Vegetation

Mixed

Impervious

Row Total
(Marginals)

Water

9

0

1

0

0

10

Trees

0

27

5

0

0

32

Vegetation

0

3

44

0

0

47

Mixed

0

0

11

16

9

36

Impervious

0

0

0

3

22

25

Column
Total
(Marginals)

9

30

61

19

31

150

Class Name

Table 4.2 User’s Accuracy April 20, 1998 Classification
Class Totals
Number Correct
User Accuracy

Water

10

9

90%

Trees

32

27

84.38%

Vegetation

47

44

93.62%

Mixed

36

16

44.44%

Impervious

25

22

88.00%

Total Overall

150

118

78.67%
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Class name

Table 4.3 Producer’s Accuracy April 20, 1998 Classification
Reference Totals
Number Correct
Producer Accuracy

Water

9

9

100.00%

Trees

30

27

90.00%

Vegetation

61

44

72.13%

Mixed

19

16

84.21%

Impervious

31

22

70.97%

Total Overall

150

118

78.67%

April 1998
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40

Producers Accuracy
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Figure 4.1 April comparisons of user and producer accuracies

4.2.2 Accuracy Assessment of October 13, 1998 Classification

Analysis of the October 13, 1998 error matrix indicates an overall image classification
accuracy of 75.33 percent. Class specific user and producer accuracies are presented in Tables
4.5 and 4.6 respectively. The relative acreage as well as the percent of watershed per individual
classes from the October 13, 1998 classification follows:
•

Water

63.22 acres

•

Trees

1,253.04 acres

(29.40%),

•

Vegetation

1,201.05 acres

(28.17%),

•

Mixed

1,132.61 acres

(26.56%)

•

Impervious

613.57 acres

(14.39%)

39

(1.48%),

Table 4.4 Error Matrix October 13, 1998 Classification
Water

Trees

Vegetation

Mixed

Impervious

Row Totals
(Marginals)

Water

10

0

0

0

0

10

Trees

0

33

6

0

1

40

Vegetation

0

0

38

0

1

39

Mixed

0

2

19

13

3

37

Impervious

0

0

5

0

19

24

Column
Totals
(Marginals)

10

35

68

13

24

150

Table 4.5 – User’s Accuracies October 13, 1998 Classification
Class Totals
Number Correct
User’s Accuracy
Water

10

10

100%

Trees

40

33

82.50%

Vegetation

39

38

97.44%

Mixed

37

13

35.14%

Impervious

24

19

79.17%

Total Overall

150

113

75.33%

Water

Table 4.6 – Producer’s Accuracies October 13, 1998 Classification
Reference Totals
Number Correct
Producer Accuracy
10
10
100%

Trees

35

33

94.29%

Vegetation

68

38

55.88%

Mixed

13

13

100%

Impervious

24

19

79.17%

Overall Total

150

113

75.33%

40

October 1998
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Figure 4.2 October comparisons of user and producer accuracies

4.2.3 Accuracy Assessment of December 16, 1998 Classification

Analysis of the December 16, 1998 error matrix indicates an overall image classification
accuracy of 81.33 percent. Class specific user and producer accuracies are presented in Tables
4.8 and 4.9 respectively. The relative acreage as well as the percent of watershed per individual
classes from the December 16, 1998 classification follows:
•

Water

48.77 acres

(1.14%)

•

Trees

983.48 acres

(23.07%)

•

Vegetation

1,529.22 acres

(35.87%)

•

Mixed

1,086.25 acres

(25.48%)

•

Impervious

615.78 acres

(14.44%)

Table 4.7 Error Matrix December 16, 1998 Classification
Water

Trees

Vegetation

Mixed

Impervious

Row Totals
(Marginals)

Water

10

0

0

0

0

10

Trees

0

31

2

0

0

33

Vegetation

0

1

46

0

0

47

Mixed

0

2

11

15

8

36

Impervious

0

0

4

0

20

24

Column
Totals
(Marginals)

10

34

63

15

28

150

41

Table 4.8– User’s Accuracies December 16, 1998 Classification
Class Totals
Number Correct
User Accuracy

Class Names
Water

10

10

100%

Trees

33

31

93.94%

Vegetation

47

46

97.87%

Mixed

36

15

41.67%

Impervious

24

20

83.33%

Overall Total

150

122

81.33%

Table 4.9 – Producer’s Accuracies December 16, 1998 Classification
Class Names

Reference Totals

Number Correct

Producer Accuracy

Water

10

10

100%

Trees

34

31

91.18%

Vegetation

63

46

73.02%

Mixed

15

15

100%

Impervious

28

20

71.43%

Overall Totals

150

122

81.33%

December 1998
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Figure 4.3 December comparisons of user and producer accuracies
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4.2.4 Digitized Impervious Surface Results

Digitized impervious surface estimates are presented in this section. Of particular
interest to this study is the total estimate of digitized impervious surface as this estimate
represents the known value of impervious surface within the watershed. As described earlier in
the methods section, three broad feature class categories, structure, transportation, and recreation
were used to distinguish different associated use-types of impervious surface. The summation of
these feature class categories equal the total digitized impervious surface estimate and represent
the best known value for impervious surface within the watershed. Digitized impervious surface
estimates for each feature class, and their summed total are listed below:
•
•
•

Structure
Recreation.
Transportation

259.33 Acres
50.51 Acres
375.69 Acres

4.2.5 Discussion of Classification and Digitization Results

This section will first discuss class differences, respective of acreage, between the
seasonal dates of classified imagery. A discussion summarizing the results of the user and
producer accuracies will follow. Lastly, a discussion comparing and contrasting differences
between the classified estimates and the digitized reference estimate will be presented.
Results from the unsupervised classifications are organized according to seasonal date
and presented in Sections 4.2.1- 4.2.3. Also presented in those sections are the percentages of
watershed acreage for each image date respective of individual class. The values for class
specific acreage and percent watershed remained essentially the same across all seasonal dates of
imagery except for the tree and vegetation classes. For these two classes, the acreage and
percent watershed seemed to vary with respect to seasonal date. Classification results for the
seasonal tree classes varied from 933.71 acres (21.89 percent) in April to 1,253.4 acres (29.40
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percent) for October and then back to 983.48 acres (23.07 percent) for December. The
vegetation classes showed a similar but inversely alternating pattern. Its class values varied from
1,505.93 acres (35.31 percent) in April to 1,201.05 acres (28.17 percent) for October and then
back to 1529.22 acres (35.87 percent) for December. This inversely alternating pattern between
the tree and vegetation classes for acreage and percent watershed can possibly be explained by
the leaf-off/leaf-on characteristics that many deciduous trees undergo on a seasonal cycle. The
greater values for vegetation in April and December are likely due to a less than full tree canopy
during these times. Tree canopies are typically approaching a leaf-on, spring characteristic in
April and thereby less dense and developed. This allows for more vegetation to be revealed from
under and around the tree causing the reflected signature to be more indicative of vegetation.
Similarly, a tree canopy in December is approaching a leaf-off, autumn characteristic that would
allow more vegetation to be revealed resulting in acreage and percent watershed values similar to
those determined in April. This variation in seasonal tree canopy density can also account for
why the vegetation class values are lowest in October (1201.05 acres; 28.17 percent) while the
tree class values are at their highest (1253.04 acres; 29.40 percent). This seems reasonable as
tree canopy characteristics in south Louisiana during October, are still full and robust similar to
summer conditions found in other geographic areas.
Other results such as user and producer accuracies will now be discussed comparatively.
Recalling that user accuracy measures how well classified sample units represent a class on the
reference data and producer accuracy measures how well the sample units for each class were
classified, several consistent trends between the image classes were identified.
The first of these trends and most important to this research are between the impervious
class and the mixed class. A comparison between the two classes indicates the user and producer
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accuracies behaved inversely. Values for the impervious class indicate user accuracies were at
least equal to or greater than the producer accuracies: user accuracies for impervious classes
ranged between 79.17 – 88.00 percent whereas, producer accuracies ranged between 70.90 79.17 percent. These results indicate impervious surface classes were more reliable and correct
in representing reality than they could be correctly identified and classified by the analyst. The
lower producer accuracies are likely a result of the complexity of the urban landscape. This
complexity makes it difficult for the analyst to identify small, irregular areas of impervious
surfaces correctly. As for the higher user accuracies, they can likely be attributed to the
ISODATA algorithm used in the unsupervised classification process. Of the pixels ultimately
classified as impervious surfaces, spectral distances after ISODATA sorting and clustering were
minimally different, thereby producing spectral areas that were most likely similar and
representative of impervious surfaces.
For the mixed class however, user accuracies were consistently less than producer
accuracies: user accuracies for the mixed classes ranged between 35.14 - 44.40 percent whereas,
producer accuracies ranged between 84.20 –100.00 percent. These results indicate the mixed
class did not do well for representing reality but was much better in terms of being correctly
classified by the analyst. Reasons for this disparity in user and producer accuracies are again
largely due to the complexity of the urban landscape. Out of necessity, the mixed class was
formed in order to make some distinction between individual class types. This need became
evident during the classification process when areas of mixed pixels (pixels of heterogeneous
spectral properties) were encountered that could not be definitively classified. As a result, even
though the mixed pixel areas were identifiable during classification, their complexity and mixed
pixel spectral properties caused them to poorly represent reality.
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A second trend derived from the results showed the vegetation class exhibited user
accuracies that were consistently greater than the producer accuracies: user accuracies for the
vegetation classes ranged between 93.60 - 97.87 percent whereas, producer accuracies classes
ranged between 55.88 - 73.02 percent. Results here are similar to those of the impervious class
in that the complexity of the urban landscape made it difficult for the analyst to identify small
areas of vegetation thereby resulting in lower producer accuracies. However, from the user
perspective, those areas classified as vegetation produced distinctive spectral properties allowing
them to be definitively classified and highly representative of vegetative areas.
The third trend discussed here pertains to the tree class. For the tree classes, two of the
three user accuracies were less than the producer accuracies. Only the December date was
greater than the producer accuracies: user accuracies for the tree classes ranged between 82.50 93.9 percent, whereas producer accuracies ranged between 90.00 - 94.29 percent. Although user
and producer accuracies from the seasonal tree classes indicate a slight advantage for the
producer, the percent differences were insignificant.
The only class that has not been discussed is the water class. This is because the water
class scored high accuracies across all imagery dates and all measurements of accuracy. The
water class was consistently the most accurate of all classes as it was the most representative
(user), identifiable (producer) and constant (overall) class throughout the analysis.
Having presented the results and trends associated with the classified imagery, the
discussion will now shift towards the results of the digitized reference estimate. This estimate
will serve as the known value reference estimate by which the impervious surface estimates
derived from the classified imagery will be compared.
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As stated in Chapter 3, a primary reason for undergoing this research was to determine if
impervious surfaces could be reasonably estimated from classified imagery. To help make this
determination, a known reference value of impervious surfaces was compiled and developed by
digitizing over 15,000 polygons from high-resolution true color aerial photography. Attributed
according to their associated use as structure, transportation, or recreation, the digitized polygons
represent footprints of recognizable impervious surfaces. The transportation polygons were
dissolved and then merged with the remaining two feature types to produce one shapefile
consisting of three feature types of digitized impervious surfaces. The total area for each feature
type was then summed creating the known reference estimate of impervious surfaces for the
entire Sub-Reach watershed.
Results from the digitizing process yielded a total of 685.53 acres of impervious surfaces,
comprised of 37.83 percent structure, 54.80 percent transportation, and 7.37 percent recreation
for the Sub-Reach watershed.
By comparing the classified imagery estimates of impervious surfaces to the digitized
reference estimate in Figure 4.4, it was determined the largest difference between the digitized
reference estimate and the classified image estimates was less than 72 acres. (The actual value
was 71.78 acres.)
Although this difference was slightly more than 10 percent of the impervious surface for
the entire Sub-Reach watershed, an inspection of the classified imagery by overlaying the
digitized reference shapefile, showed areas where impervious surfaces were both underestimated and over-estimated. Examples of this can be found in each date of the classified
imagery but two of the more obvious examples are shown in Figures 4.5 and 4.6 respectively
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Comparison of Impervious Surfaces
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615.78
613.75
673.79
acres
acres
acres
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Figure 4.4 Comparisons of Impervious Surfaces
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Although, there are many reasons for these areas of under-estimation and overestimation, ultimately they are considered errors in classification. This is because both figures
show classified areas that poorly match the overlaid polygons from the digitized reference
estimate.
In comparing these two figures, Figure 4.5 shows impervious surfaces (symbolized as
red) as either sparsely present or absent when compared to the reference estimate. However,
when Figure 4.6 is compared to the reference estimate, a large, nearly solid clustering of
impervious surfaces can be seen located in a dense residential neighborhood. The primary
reason impervious surfaces were numerous in Figure 4.5 was the absence of a mature tree
canopy. Even with the December image as shown in Figure 4.6, impervious surfaces are largely
masked by the tree canopy’s presence.
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These examples, along with others that can be found throughout each of the classified
images, indicate small, urban impervious surfaces did not classify well and poorly matched the
polygons of the digitized reference estimate. Ultimately, these areas have to be considered
classification errors.
For this research, the greatest contributing factors to classification errors are the spatial
resolution of Landsat TM imagery and the small, complex, heterogeneous patterns of impervious
surfaces in the urban landscape. What results from these two factors are areas of mixed pixels.
Briefly described earlier, mixed pixels are pixels of heterogeneous spectral properties caused by
variations in features found within the image pixel. To understand how mixed pixels occur and
ultimately result in classification errors, both the spatial resolution of the imagery and the
characteristics of the features attempting to be classified must be considered.
Recalling Landsat TM has a spatial resolution of 30 meters, it is a relatively coarse
resolution compared to the size of many of the impervious features found in an urban landscape.
Only the large commercial structures, apartment complexes and associated parking areas were
adequately large enough to encompass the surface area of one or two image pixels. Therefore, in
a landscape with small, complex, and diverse features such as an urban watershed, mixed pixels
are going to abound. This essentially means the spatial resolution of the imagery was less than
adequate for the types of features being classified.
When a mixed pixel occurs, brightness values (intensities of the emitted energy) from all
the different feature types comprising the mixed pixel are averaged and applied to the entire
pixel. If the feature types and their corresponding brightness values are somewhat similar, the
mixed pixel’s averaged brightness value might be reasonably adequate to allow the pixel to be
correctly classified. However, if the feature types in a mixed pixel are distinctly different, the
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averaged brightness value might be similar to only one of the mixed pixel’s features (if it
dominates the majority of the mixed pixel area) or it might be similar to none. As a result, mixed
pixels can cause masking and misrepresentation of feature types that ultimately result in
classification errors.
As described earlier, the mixed class category for the classified imagery evolved
somewhat out of necessity in order to make some distinction between impervious surfaces and
other classes. The decision to create a mixed class was not an immediate one, as during the
classification process many areas of mixed pixels were discovered where initial classification
attempts resulted in these areas being classified as either all impervious or as some other class.
This is in effect the same circumstantial problem of under/over-estimation described earlier for
the impervious class. However, this aspect of the problem is primarily concerned with mixed
pixels exhibiting averaged brightness values similar to those of impervious surfaces. This occurs
because a portion of the pixel area’s feature types is comprised of impervious surfaces. When
their brightness values are averaged with the remaining portion of the pixel area features, the
resulting brightness value is similar to that of impervious surfaces. Therefore, the mixed class
category was created to make a distinction between areas that are classified as predominantly
impervious surfaces and those that nearly resemble impervious surfaces. The need for this
distinction is not as great when classifying large, contiguous areas of homogeneous feature types
but when small, complex heterogeneous feature types are classified they nearly become
indistinguishable. Although the designation and use of a mixed class was less than optimum for
the objectives of this research, it did provide a catch-all type class which helped to separate
impervious surfaces from other classes while ensuring only the most predominant areas of
impervious surfaces were classified as impervious surface.
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Additional results presented but not compared or contrasted to the image classification
results were the recreation, structure, and transportation classes that were derived from digitizing
the high-resolution aerial photography. The bar graph presented as Figure 4.7 shows a
categorical illustration of the total impervious surface acreage estimate derived from digitizing
process. Results determined here reinforce what Schuler (1994) and Arnold and Gibbons (1996)
reported earlier that the transportation component was the largest contributor to impervious
surfaces in the urban landscape.
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Figure 4.7 Categorical Illustration of the Total Impervious Surface Acreage
4.3 Measures of Statistical Agreement and Discussion

This section presents the statistical measures used to evaluate the classification results
determined in this research. A theoretical overview of the statistical methods used will be
provided first, followed by a discussion of each analysis. The section will conclude with a
detailed discussion of the results obtained from the statistical analyses.
4.3.1 Kappa Theory

The Kappa analysis is a discrete multivariate technique that has been used in the
behavioral sciences for years. It is similar to the Chi square analysis and was initially designed
for psychological testing where scorers would make ratings using nominal scales of
measurement (Cohen, 1960). The technique first appeared in remote sensing literature in the
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early 1980’s when Congalton (1983) presented the analysis as a means of evaluating land use
classifications from Landsat data. Later publications by Rosenfield and Fitzpatrick-Lins (1986),
Hudson and Ram (1987), and Congalton (1991) continued to explain and illustrate the use of the
technique, so that today it is now considered a standard component of every accuracy
assessment. Its use is exemplified by a recent review of the remote sensing literature indicating
numerous publications utilizing K̂ as a means to assess the accuracies of different classified

images (Hayes and Sadler, 2001; Rutchy and Vilchek, 1999; Schriever and Congalton, 1995).
The kappa analysis can be generally described as a measure of agreement. Its measure of
agreement is based on the difference between two data sets: the agreement between the
classification and the reference data, as indicated by the values in the major diagonal of the error
matrix and the agreement that might be expected solely by chance or random assignment, which
values are determined by multiplying the row and column totals, i.e. marginal sums (Campbell,
1996; Congalton and Green, 1999). In effect, the Kappa analysis attempts to provide a more
objective assessment of the classification by indicating whether the observed results are as good
as or better than if the classification process were performed by random or chance assignment.
4.3.2 Overall and Conditional

Since it was first introduced to remote sensing, the Kappa analysis has become a standard
for assessing classified imagery because of its evaluation of the error matrix. It not only takes
into account the observed agreement indicated by the major diagonal, but it also considers the
chance agreement derived from the marginal sums. By doing so, the Kappa analysis statistically
compares proportions of samples assigned to different classes from both the classified image (i)
and the reference image (j). Thus, the estimate of chance assignment to any two classes is the
product of their proportional values.
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For computational purposes, Congalton and Green (1999) denote pi+ as the proportion of
samples in the i,jth cell, corresponding to nij. In other words, pij = nij/n.
Then, they define pi+ and p+j by: (Formula 4.4)
k

pi + ∑ pij
j =1

and

k

p+

j

∑p

ij

i =1

These expressions as defined above, explain how K̂ is computed.
Let
p 0 = ∑ pii
k

i =1

be the actual observed agreement, and
pc = ∑ pi + p + j
k

i =1

the “chance agreement.”
Simplified as a multinomial equation, the Kappa statistic is expressed as

ρoρc
Kˆ =
1 − ρc

or

K̂ =

Observed - expected
( Chrisman 1980)
1 - expected

For computational purposes, let
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k

Kˆ =

k

n∑ nii − ∑ ni = n = i
i =1

i =1

k

n − ∑ ni + n + i
2

;

nii, ni + and n + i as previously defined above.

i =1

Similar to the K̂ computed for the entire image, the conditional K̂ evaluates agreement for
each class in the classified image. Conditional K̂ is calculated by the following equation:
Ki =

( N )( pii ) − pi + p + i
( N )( pi + ) − pi + p + i

where:
Ki = Conditional Kappa Coefficient of Agreement for the ith category
N = the total number of observations
pii = the number of correct observations for the ith category
pi+ = the ith row marginal
p+i = the ith column marginal
4.3.3. Pair-Wise Test

Once the results of the independent K̂ are computed, Congalton (1999) next describes a
Delta method for computing the variance of K̂ which is the other key variable used to determine
significant differences between two independent K̂ values. The equation for the Delta method is
as follows:

(

)

(

)

2
1 ⎧θ (1 − θ 1 ) 2(1 − θ 1 ) 2θ 1θ 2 − θ 3 (1 − θ 1 ) θ 4 − 4θ 22 ⎫
vâr Kˆ = ⎨ 1
+
+
⎬
n ⎩ (1 − θ 2 )2
(1 − θ 2 )3
(1 − θ 2 )4
⎭

( )

where:
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1 k
θ1 = ∑ nii ,
n i =1

θ2 =

1
n2

θ3 =

1
n2

k

∑n
i =1

n ,

i + +i

k

∑ n (n
i =1

ii

i+

+ n=i ),

and

θ4 =

1 k k
2
n (n j + + n + i ) .
3 ∑∑ ij
n i =1 j =1

Finally, with the results from both K̂ and the K̂ variance equations a test can be used to
determine if two error matrices are significantly different. Its formulation is detailed by the
following:
Let K̂ 1 and K̂ 2 denote the estimates of Kappa for error matrix #1 and matrix #2.
Also let vâr Kˆ and vâr Kˆ be the corresponding estimates of the variances as

( )
1

( )
2

computed from the appropriate equations. The test statistic used to determine the
significance of a single error matrix is expressed by:
Kˆ 1
Z=
vâr Kˆ

( )
1

The test statistic (pair-wise test) for testing if two independent matrices are
significantly different is expressed by:
Z=

Kˆ 1 − Kˆ 2

( )

( )

vâr Kˆ 1 + vâr Kˆ 2

Results of the pair-wise test statistic for all combinations of the three classification dates
are listed in section 4.42.
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4.3.4 Kappa, Conditional Kappa and Pair-Wise Results and Discussion

Results of the entire image or overall Kappa analysis for each date of classified imagery
are presented in Tables 4.10, 4.11 and 4.12. The results ranged between 68 percent and 75
percent, corresponding to October 1998 and December 1998, respectively. Interpretation of the
overall K values indicates that the unsupervised classification process produced results that were
better than if the process were left to chance. Interpretation of overall K values can be explained
as follows: as values of overall K approach 1.0 and the corresponding chance agreement values
approach 0, the percentage correct approaches 100 (Campbell, 1996; Congalton and Green,
1999).
Therefore, even though the results of this research were less than 100 percent correct, the
lowest overall K value of the three classified images indicate it was still 68 percent better than if
the classification was done by random pixel assignment. The December image date had the
highest overall K (75 percent), followed by April (72 percent) and finally October (68 percent).
Results of the conditional Kappa analysis are also presented in Table 4.10, 4.11 and 4.12.
Similar to the overall Kappa analysis, the conditional K expresses the agreement of the
individual classes within the classified image. Included in the Tables listed above, all
conditional K values for individual classes were equal to or greater than .75 (75 percent) except
the “mixed” class. It consistently had the lowest conditional K values (.29-.36) for all three
images. These results indicate the mixed class was only 36 percent better than if it were done by
chance. Low percentages such as these are understandable because of the confused and mixed
pixel properties represented by the class. For the impervious surface class however, conditional
K values indicated that results were at least 75 percent better than if the classification process
were by chance or random assignment.
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The following tables present both the overall and conditional K̂ results determined from
the three dates of classified satellite imagery:

Table 4.10

April 20, 1998

CLASS

Conditional K̂
.89
.80
.89
.36
.85
.72

Water
Trees
Vegetation
Mixed
Impervious
Overall

Table 4.11

October 13, 1998

Class

Kappa and Conditional Kappa
Conditional K̂
1.00
.77
.95
.29
.75
.68

Water
Trees
Vegetation
Mixed
Impervious
Overall

Table 4.12

Kappa and Conditional Kappa

December 16, 1998

Class

Kappa and Conditional Kappa
Conditional K̂
1.00
.92
.96
.35
.79
.75

Water
Trees
Vegetation
Mixed
Impervious
Overall
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As described earlier in Section 4.3.3, the pair-wise test determines if a significant
difference exists between the results of two classified images. For this test, results of the pairwise Z test statistic were compared using a 0.05 significance level. Given the null hypothesis is
H0 : K1-K2=0 and the alternative hypothesis is HA: K1-K2 ≠0, the H0 is rejected if Z>Zα/2
(Congalton and Green, 1999). This means a Z test statistic with an absolute value greater than
1.96 will indicate a significant difference exists between the classification accuracies of the two
independent classifications dates and their respective error matrices. From test results presented
in Table 4.13, no significant difference was determined between the classification results of any
of the seasonal images. However, the largest Z-test statistic value determined was between the
October and December image dates (1.18). This result is consistent with results from the overall
Kappa analysis and the overall accuracy assessment, as there too the greatest difference in
analysis results was between the October and December dates.
Table 4.13 Pairwise Comparison
Seasonal Image Dates
April vs. October
April vs. December
October vs. December

Z Test Statistic
.64
.54
1.18

Although no significant difference between classified image dates was determined,
results did indicate that the October image date was the least favorable date for classifying
impervious surfaces from remotely sensed imagery. This is most likely due to a significant leafon characteristic exhibited by tree canopy well into October in southern Louisiana.
Conversely, the seasonal leaf-off characteristic of both the April and December dates
facilitated a better impervious surface classification agreement as indicated by their respective
overall K values, .72 and .75. However, if the seasonal dates of both April and December are
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contrasted, it is more probable the December date exhibits a greater leaf-off characteristic than
the April date. This is because tree canopy in sub-tropical southern Louisiana is more likely to
be nearing a leaf-on characteristic by late April. Therefore, according to results from the overall
Kappa analysis, the December image date represented the best leaf-off seasonal characteristic for
classifying impervious surfaces.
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CHAPTER 5 SUMMARY OF RESULTS AND CONCLUSIONS
This chapter will discuss and summarize the results of this research within the context of
how such research can assist urban communities in better management and protection of their
watershed areas. It will also discuss why the method chosen, while being the most applicable to
the project, did not achieve results the author would have liked. However, it did help to identify
important considerations for attempting similar classification projects of this kind.
5.1 Aerial Photography vs. Satellite Imagery
Initial intentions of this research were to develop and evaluate an effective means for
estimating impervious surfaces in urban areas. The need for such a method stems from the
numerous investigations citing correlations between the presence of impervious surfaces and the
negative effects on environmental processes. Because smaller communities are as affected as the
larger communities, the method needs to be cost effective with minimal demand for labor.
After much review, the decision was made to estimate impervious surfaces using Landsat
TM imagery using a classification approach. Although initial concern existed regarding Landsat
TM's spatial resolution, it was still far superior to other data sources for the objectives of this
project. The primary advantages of the Landsat TM imagery were its multispectral and digital
properties. As compared to aerial photography, TM imagery offers a wider choice of
wavelengths whereas films for aerial photography are typically only sensitive in the infrared
wavelengths. Additionally, another big advantage for using TM imagery is its digital format.
This affords TM imagery a wide range of brightness values allowing for contrast differences to
ultimately make features more distinguishable. Aerial photography does not have these
properties as most photography is only available as hardcopy prints and collected at relatively
small scales. As a result, if aerial photography were used to estimate impervious surfaces, the
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same spatial concerns would essentially exist but the multispectral and digital advantages would
not be available.
5.2 Supervised vs. Unsupervised Classification
As for the classification approach, initial efforts were focused on using a supervised
classification. This was primarily because of the success of an earlier investigation by Plunk,
Morgan and Newland (1990) who used Landsat TM to map impervious cover. Furthermore, this
approach seemed reasonable because of the author's prior knowledge of the watershed and the
greater control for selecting training areas. However, while performing the image alarm
analysis, it became evident the spatial resolution of the TM imagery along with the spatial
complexity of the area’s impervious surfaces would not permit training areas with homogeneous
signatures to be selected. Thus, when non-homogeneous training areas were used, the
corresponding alarmed areas included land cover types other than those specific to impervious
surfaces. For this reason the supervised classification approach was abandoned.
Interest was now focused towards applying an unsupervised approach to the Landsat TM
data. The ISODATA algorithm was applied to the unsupervised classification as a means to
resolve the spatial resolution problems encountered with the supervised approach. Use of the
algorithm proceeds as an iterative process where pixels are sorted and clustered based on their
minimum spectral distances. From initial results, the ISODATA algorithm showed indications
of limited success for separating impervious surface feature types. A possible reason for this
limited success was the class size limitations set to only consider a maximum of 50 classes. As
an attempt to improve on that success, the specified classes were increased to 125. By increasing
the specified numbers of classes to be considered the ISODATA algorithm could refine
differences in spectral distances while capturing the spectral complexity of impervious surfaces.
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5.3 Mixed Pixel Classification
This section will first provide an overview describing mixed pixel characteristics
followed by a discussion of the problems associated to mixed pixels for identifying and
interpreting impervious surfaces. Lastly, a discussion will follow describing the use of a mixed
pixel land cover class for purposes of differentiating between land cover classes.
Mixed pixels are produced as a result of the interaction between the spatial resolution of
the imagery and the features the imagery it is intended to represent. Recalling the TM imagery
has a spatial resolution of 30 meters; an object or feature would need to be approximately 9700
square feet in size for its signature to be separately recorded on the image. When this occurs the
signature of that pixel can be considered as that of a homogeneous feature type. Although pixels
of homogeneous signatures are common in TM imagery, it is almost as common to have pixel
areas occupied by different features. This typically occurs at the fringe of one land cover type as
it transitions into another or when features in the landscape are too small and spatially complex.
This occurrence of multiple features in one pixel is referred to as mixed pixel. When multiple
features occupy one pixel, they essentially act as discrete pixels to average the area's brightness
over the entire pixel. The ability to distinguish one feature from another is greatly compromised
with pixels of averaged brightness values.
This was a major problem for this research as multiple small impervious features, along
with other land cover types, comprised pixel areas and ultimately averaged the brightness values
causing individual features to be less distinctive. As land cover categories continued to be
assigned to the ISODATA classes, it became increasing more difficult to interpret pixel cluster
assignments because the largest and most contiguous pixel clusters, and also the most obvious
and easiest to interpret, had been assigned to land cover categories first. Although many of these
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classes belonged to categories other than impervious surfaces, a few areas of dense residential
housing, apartment complexes, and commercial businesses and associated parking areas were
easily identified and assigned to the impervious surfaces category. However, with the largest of
these areas assigned, the remaining smaller clusters of pixels were much more difficult to
interpret as they were typically located in diversely complex areas. Two examples of this were
Figures 4.5 and 4.6 . Although each figure was from a different residential area, the
classification errors were obvious. In Figure 4.6 the mixed pixels are greatly influenced by the
presence of a dense tree canopy permitting very few areas of impervious surface to be
interpreted. From the opposite extreme, Figure 4.6 shows an area where mixed pixels are not
influenced by tree canopy but by dense residential housing. As a result mixed pixels were
difficult to interpret and caused problems of under estimation and over estimation of impervious
surfaces.
Because of the difficulty in interpretation, a decision was made to designate one of the
classification’s land cover classes as a mixed class in an attempt to bring more clarity to mixed
pixel areas and to ensure final estimates only included pixels that were predominantly
impervious surface. The decision was made out of the necessity to make some distinction
between impervious areas and their surrounding land cover types. This is essentially the same
conditions as was described earlier, but over a much smaller area where pixels at the fringe of
one land cover type are transitioning into another. In effect, the mixed pixel class was used as a
catchall class to try and refine the separability between the spatially complex impervious
surfaces class and the other surrounding land cover classes.
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5.4 Accuracy Assessment
This section will discuss and summarize the results of the classification accuracy
assessments detailed in Chapter 4. The discussion of user and producer accuracy results will be
confined to the impervious surfaces class and the mixed class only. A discussion contrasting the
classified impervious surface estimates with the digitized reference estimate will conclude this
section.
Results from the three seasonal dates of imagery indicated the classifications were fairly
consistent. However, there did appear to be some seasonal influences occurring between the tree
class and the vegetation class. The tree class comprised the most acreage for the October date
whereas the vegetation class comprised the most for April and December. Results such as these
are likely due to the leaf-off/leaf-on characteristics that many deciduous exhibit.
As a whole, the 75.33-81.33 percent overall accuracies derived here were considerably
less than the 90.3 percent overall accuracy reported by Plunk et al. (1990). Some possibilities as
to why Plunk’s overall accuracy was higher could be differences in methodology, a supervised
maximum likelihood classification, or it could be differences in geographic locations of the study
areas. The central Texas study area where Plunk’s investigation took place is more arid and has
a more distinct seasonal influence than the subtropical climate of southern Louisiana. The
differences in accuracies between the two studies could also be a result of the overall differences
in the sizes of impervious surfaces common to each area as well. However, as there are no
definitive answers for the differences in the two studies, this investigation did provide other
measures of accuracy such as user and producer accuracies.
Although user and producer accuracies were determined for each class, summaries here
will be limited to the impervious surfaces and mixed classes. Results from comparing Plunk’s
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user and producer accuracies indicated the classes behaved inversely of one another. For the
impervious surfaces class, user accuracies were typically higher than the producer accuracies
whereas user accuracies for the mixed class were consistently the lowest. This seemed to
indicate the impervious surfaces class represented reality better than the mixed class whereas the
mixed class indicated a better propensity for being correctly classified.
A primary objective of this research was to determine how well impervious surfaces
could be estimated using Landsat TM imagery. For this purpose the classified estimates derived
from image classification were compared to a known reference estimate of impervious surfaces.
It was determined the largest difference between the classified image estimates and the digitized
reference estimate was approximately 72 acres. Although this might not seem like a relatively
large difference in impervious surfaces, other issues such as those associated to mixed pixels,
brought the utility and reliability of the classified estimates into greater perspective.
5.5 Statistical Measurements
In this section, additional statistical measures used in this research will be summarized.
The results from the overall and conditional Kappa analyses will be discussed first, followed by a
summary of the pairwise test using values derived from the overall Kappa analyses.
The Kappa analysis is a measure of agreement between the classified image results and
the reference data. It determines whether the results of the classification were statistically better
than if the classification process of assigning land cover categories to unknown classes had
occurred simply by chance. Of the three classified image dates, December had the highest
overall Kappa percentage. However, results of overall Kappa analysis for the three images
varied by only seven percent, the October date, showing the lowest percentage of agreement, was
still 68 percent better than if the classification were left to chance.
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Results of the conditional Kappa analysis provided a similar measurement of agreement
as the overall Kappa but on a class specific basis. Similar to the results of the overall Kappa
analysis, conditional Kappa results indicated most classes classified considerably better than if
they would have been performed by chance. Specifically the impervious surfaces classes for
April and December indicated the highest conditional Kappa results of 85 and 79 percent
respectively. Although this percentage difference is relatively small and originates from the
errors of omission and commission, it is likely insignificant considering the difficulty for
correctly identifying impervious surfaces from other land cover types due to mixed pixels.
Comparatively, the mixed class conditional Kappa results were consistently the lowest of any
class for all three seasonal dates.
As another primary objective of this research, seasonal differences between the classified
images for estimating impervious surfaces were determined. These results were determined
using a pairwise test based upon the overall Kappa analysis for each image and its corresponding
variance of Kappa. As a result, the pairwise test offers a statistically objective means to
determine whether one classified image is significantly better than another. Although no
significant difference between classified image dates was determined results did indicate the
October image was the least favorable date for classifying impervious surfaces from remotely
sensed imagery. This is apparent from review of Table 4.1.3, as the greatest differences between
the seasonal dates of imagery commonly included the October image whereas the least
difference was between the April and December dates, indicating their classifications were the
most similar.
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5.6 Final Thoughts and Future Work
In this final concluding section, the author will provide an overall summary of this
research in terms of the knowledge and experience it has given to him and for the guidance it
may provide to urban managers to plan, prevent, and mitigate environmental problems associated
to impervious surfaces. A discussion describing some of the unique characteristics of this
research such the use of a digitized reference estimate, an evaluation of seasonal influence on
classified estimates, and the determination of a predominant land use association will also be
provided. Lastly, the author will provide his opinion of the importance for performing this
research and the kinds of additional investigations that are planned to improve better estimations
of impervious surfaces.
Although some of the primary objectives of this research fell short of expectations, it was
a valuable learning exercise from which the knowledge and experienced gained are
immeasurable. The area in which the most knowledge and experience gained had to do with the
many related problems associated to mixed pixels. To assist urban and environmental managers,
it is hoped the explanations surrounding mixed pixel issues identified within are both insightful
and educational. Regardless of the difficulties encountered in this research, the author feels
impervious surfaces estimation is an area of study that will become increasing important as urban
communities continue to expand.
From review of the various methods reported in the literature, it is clear researchers are
struggling with the challenges of estimating impervious surfaces. With respect to classification
approaches in particular, several unique comparisons incorporated into this research were
intended to help bring clarity to some of those challenges.
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One of those unique comparative tests compares the derived classified estimates to an
impervious surfaces reference estimate. To the best of this author's knowledge, this is the only
comparison of its kind in the literature. Most other projects for classifying impervious surfaces
include the standard accuracy assessment test but none have compared their estimates to those of
a reference estimate. Even though a considerable amount of time and effort was spent
developing a reference estimate, its comparative use not only provided an evaluative measure to
reality but it also indicated that accuracy assessments could not necessarily be extrapolated to
estimate impervious surfaces. For instance, the overall accuracies derived in this research ranged
between 75.33-81.33 percent whereas the classified estimates associated to those accuracies were
as much as 72 acres different than the reference estimate. This inconsistency in estimate
agreement is undoubtedly due to the classification’s mixed pixels and the spatial complexity of
impervious surfaces however; it does indicate accuracy assessment values are not necessarily
indicative of reasonable estimates for impervious surfaces.
Another unique aspect of this research was its evaluation of seasonal influence, especially
in geographic areas considered sub-tropical. Even though results of the pair-wise test indicated
no significant difference between any of the classified images results, acreage values for the tree
and vegetation classes did indicate some influence of seasonal variation. Although this seasonal
variation was somewhat expected because of the numerous species of deciduous trees, it was
unclear as to how a seasonal variation in tree canopy would influence the estimation of
impervious surfaces.
A third unique aspect of this research was the feature type to land use estimations derived from
the digitization of the impervious surfaces reference estimate. Although associations between
land use and impervious surfaces are not well documented in the literature, results of the
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digitized reference estimate substantiate transportation related feature types are the largest
contributor to impervious surfaces in the urban landscape.
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